Introduction
Tea is a popular beverage used throughout the world, especially in China where people started drinking tea thousands of years ago [1] . There are numerous scientific reports about the beneficial effects of tea on human health [2] [3] [4] . The quality of tea is dependent on many factors, such as the growing environment [5] and the processing technique [6, 7] . Repeated or constant quality controls for the manufacturing in the tea plant facility are also of highest importance to obtain a high standard tea. It is rather difficult for a nonspecialist to judge the quality of the tea on the market and there are also plenty of counterfeit teas which are of poor quality but still sold at high prices. Since a number of factors can influence the quality of tea, its assessment is a systematic and complicated process in which the integrated effect of color, aroma, taste as well as shape of the tea leaves should be considered. At present, the assessment of the tea quality is commonly made by sensory evaluation from tea experts, but this is unfortunately susceptible to influence of the environment and subjectivity. To make the evaluation more efficient and objective, several tea experts are usually summoned to assess the tea quality [8] . Thus both for the customers and the tea industry, developing technologies to objectively assess tea quality and discriminate between different tea types is highly desired. Computer vision technology and electronic tongue techniques are gradually applied in the assessment of tea quality [9, 10] . The computer vision technology is based on analyzing the shape and color of tea leaves, while the detailed chemical composition in tea is not considered. The electronic tongue is made up of a series of chemical sensors which analyze the raw tea material or brewed teas. In recent years, the near infrared spectroscopy technique (NIRS) has started to be applied to evaluate the quality of the dried tea [11] [12] [13] . The characteristics of the absorption spectrum in the near infrared spectral region could be used to assess the general quality or types of many kinds of tea, however the analysis model built for a certain type of tea may not be suitable for another type [14] .
The laser-induced fluorescence (LIF) technology has been developed for almost half a century and is now widely used in, e.g., food chemistry [15] , medical diagnosis [16] [17] [18] , microscopy [19] , and remote sensing [20] [21] [22] , especially in plant investigation. By illuminating the leaves of the plant, the LIF techniques were also used to classify the plant types and species [23] , study the plant constituents [24] , and investigate nutrient deficiencies in corn [25] . Multispectral fluorescence imaging systems were also developed to investigate plant leaves [26] and food stuff [27] . To our knowledge, this paper describes the first application of LIF in the assessment of commercial tea grades and tea breed in the lab by shining a laser beam on tea leaves. For evaluation, singular value decomposition is used to describe the autofluorescence spectra of the tea samples and multivariate regression is used to predict the tea classification and quality with leave-one-out methodology.
The fluorescence signatures of teas have features characteristic for vegetation in general. Thus, a dominant aspect is the dual-peaked distribution, due to chlorophyll, in the near-IR region, with peaks around 690 nm and 735 nm [20] . Chlorophyll is the key pigment in photosynthesis and the fluorescence signals reflect chlorophyll contents as well as physiological stress factors [28, 29] . The fluorescence distribution in the blue-green spectral region is due to a large number of components, such as tea polyphenols, flavonoid [30] , and wax protecting for dehydration and UV exposure of the living plants. It should be noted that any oils or additives in tea treatment would also contribute to the fluorescence in the bluegreen region. However, the tea types studied in this work are all natural without additives.
Materials and Methods

A. Tea
Oolong and jasmine teas were investigated in the present work. The oolong tea samples are from different regions of China, and are provided by different companies. The classification is assessed by tea experts through the color, shape, smell, taste, and the unique processing technique of the tea samples. The quality of the jasmine teas depends on the freshness and tenderness of the tea leaves and it is also affected by the white petals which are added into the tea during manufacturing. The jasmine tea samples used were provided by a specialized company. The tea qualities were determined by 2-3 company experts according to the Chinese National Standard for jasmine tea (GB/T 22292-2008).
B. Experimental Setup
The LIF experimental setup is depicted in Fig. 1 . The third harmonic (355 nm) of a Nd:YAG laser with an energy of 3 mJ∕pulse at 20 Hz and an approximate pulse duration of 10 ns was used to induce fluorescence in the tea samples. The samples were placed on an anodized aluminum plate with negligible fluorescence. The emission from the tea samples was filtered by a long pass filter (Edmund Optics, L38, 380 nm, 2.6 mm thickness) before it was recorded with an optical multichannel analyzer (OMA) composed by a crossed Czerny-Turner grating spectrometer (ORIEL instruments, Model 77400) connected to an image-intensified and 10 ns timegateable charged coupled device (ANDOR Technology, Model DH501-25U-01). The fluorescence measurements for each sample were performed five times in a so-called pseudoreplication procedure, where different sections of the sample were illuminated in each recording. The tea samples were kept in movement while being irradiated by 100 laser pulses per measurement. A halogen filament lamp (Oriel, Model No. 63355, wavelength range, 250-2500 nm) was used to calibrate the response curve of the OMA system. The wavelength scale of the OMA system was calibrated by a cadmium lamp and a HeNe laser at 632.8 nm. The spectral resolution is 6.5 nm. The spectrometer does not have any secondorder rejection filters, but the influence of the secondorder contribution in the 700-800 nm region is minor.
Standard red-green-blue (RGB) photographs of the tea samples were acquired by a Panasonic digital camera (DMC-FX01) in a flash mode inside an optically isolated box. Crossed polarizers were put in front of the flash lamp and the objective in order to obtain a depolarized reflective image. This ensures that specular reflexes are rejected and that image contrast is enhanced. The images are flat-field and white-calibrated by spatial interpolation, using a white paper included in parts of the photographs.
C. Singular Value Decomposition
Singular value decomposition (SVD) is an orthogonal linear transformation applied on the recorded data, which is widely used in chemometry. The original data matrix is transformed into a new coordinate system, where the original data can be represented by a few principal components. The procedure facilitates the extraction of the important information and leads to substantial reduction of redundant data features.
Considering the fluorescence spectra of N samples being recorded by a spectrometer which has P spectral bands for one measurement, the whole data set can form a N row, P column matrix, which is denoted by S. Its SVD gives
where U is the normalized eigenvector of matrix SS T which indicates the contribution of each principal component to the sample, Σ is the square root of the diagonal matrix of the eigenvalues of the matrices SS T and S T S which indicates the importance of the corresponding principal components, V is the normalized eigenvector of the matrix S T S which gives the principal components of the decomposition.
If the number of samples (N) is much smaller than the number of data sampling points (P), most of the principal components contribute insignificantly to the reconstitution of the original data. To compress the information, we therefore select only the most important principal components to represent the original data. The important components can be selected by a scree or elbow test [31] . The eigenvalues of the principal components (Σ) are plotted according to their size and the point where the slope of the size of the eigenvalues goes from "steep" to "flat" is found (this is often called the elbow). A truncation before the elbow is determined and is denoted by tr. The matrix S can be approximately described as follows:
Here U 1…N;1…tr and Σ 1…tr;1…tr are the first tr principal components of matrices U and Σ, respectively.
;1…tr is the transpose of the first tr principal components of matrix V.
D. Linear Discriminant Analysis
In order to predict the classification or quality of the tea sample, we can establish a leave-one-out predictive model which describes how the principal components contribute to the classification or quality. In this predictive model, each sample is left out one by one and the rest are used to build the model. If the sample left out is denoted by i and the number of variables to be predicted is denoted by M, the prediction model can be described as follows: Y k1;2…N;k≠i;1…M ϕ k1;2…N;k≠i;0…tr θ 0…tr;1…M ; (3)
Here Y k1;2…N;k≠i;1…M is the predefined matrix of the classifications or qualities which are given by the tea experts, U k;j is the contribution of the jth principal component to the sample k, θ 0…tr;1…M is the linear coefficient matrix which needs to be solved by regression of Eq. (3). The matrix ϕ is referred to as the regressor and the bias in its first column ensures that zero quality or a negative classification does not necessarily imply that the sample cannot fluoresce. In classification, this kind of linear equation is referred to as linear discriminant analysis (LDA). The classification or quality of the tea sample which has been left out can be predicted aŝ
By performing the predictive model for each sample, we can obtain the predicted classifications and qualities while exploiting the sample size in the best possible way.
Results
A. Classification for Different Types of Oolong Tea
Sixteen oolong tea samples originating from different locations in China-Guangdong (GD, Fig. 2 ), North Fujian (N-FJ, Fig. 3 ), South Fujian (S-FJ, Fig. 4 ), and Taiwan (TW, Fig. 5 ), were used for the measurements. The names, types, and corresponding abbreviations of the 16 oolong tea samples are given in Table 1 . The GD and N-FJ teas have similar shapes and the color of the tea leaves is basically black. The S-FJ and TW teas are granulated, the leaf color of the TW teas is close to black while the leaf color of the S-FJ teas is a bit green. Through visual inspection by nonspecialists it is very difficult to distinguish between these similar tea leaves, while the fluorescence of the four types of teas is very different, something that can be used to classify the tea samples. The average fluorescence spectra of the five recordings for each tea sample are shown in Fig. 6 . The spectra are normalized by the fluorescence intensity of the chlorophyll around 690 nm. The peak around 355 nm is the elastic scattering of the excited wavelength.
Since each sample was measured five times, 80 pseudoreplicated tea sample recordings were obtained. All the pseudoreplicated tea sample recordings were numbered from 1 to 80. The types of the tea samples are denoted as m 1, 2, 3, 4, which represents GD, N-FJ, S-FJ, and TW, respectively. The predefined matrix for the classifications can be given as Y n;m 1 n ∈ type m 0 n ∉ type m n 1; 2…N:
In order to describe the quality of the classification, we define a discrimination index Q for each type according to Eq. (7).
Here μŶ The eigenvalues are presented in Fig. 7 . According to the principle of an elbow test [31] , the truncation value is determined as 9 (tr 9). As seen in this figure, the eigenvalues of the first three principal components are much higher than the others which mean that these components have much higher significance. The principal components used in the predictive model are given in Fig. 8 . By evaluating Eq. (5) for each sample, we can obtain the predicted classifications and the discrimination indices, as shown in Fig. 9 . The discrimination indices for the four different types of tea samples are 3.02, 7.37, 
B. Grade Assessment for Jasmine Teas
Jasmine tea is made of jasmine flowers and thus a few white petals can be observed in jasmine tea samples (Fig. 10) . The grade cannot easily be assessed by only observing the color and texture of the jasmine tea, as the samples look very similar to each other. In the fluorescence experiment, ten jasmine tea samples were measured and each sample was again measured five times by illuminating different sections of the tea samples with laser light, which gives 50 pseudo tea sample recordings. All the jasmine teas are denoted with different grades from 1 to 10 (1 being the best), which were assessed by the tea experts. The averaged experimental fluorescence spectra of the five recordings for each tea sample are shown in Fig. 11 . According to the principle of the elbow test [31] , the truncation can be determined as 3 (tr 3). The eigenvalues and the first three principal components of the fluorescence spectra are shown in Fig. 12 . Only one parameter is used to describe the quality corresponding to the so-called grade. The predefined matrix can be described as Y n t n n 1; 2…10; t 1; 2; 3; 4; 5;
where t is the measurement occasion. By evaluating Eq. (5), the predicted grade can be calculated. Since each sample has been measured five times, the predicted grades are also averaged five times, as shown in Fig. 13 . The predicted grades do not have any upper or lower limitation and the deviation only means that the evaluated quality of the tea samples is lower or higher than the expert defined quality. As can be seen in Fig. 11 , the fluorescence spectra of the three best samples (grade 1, 2, and 3) are almost overlapped in the near infrared region. This could be the main reason why these three samples are very difficult to discriminate, which also shows the limitation of the present fluorescence technique. However, it can be expected that by utilizing multiple excitation wavelengths, the quality of the three best tea samples could still be well separated. The prediction quality of the model can be described with the correlation between the predicted grade and the grade assessed by the experts. The corresponding correlation coefficient is in this case 0.986, which shows a very good prediction for tea grades. Because the experts do not evaluate the grade linearly, it is expected that the evaluated grades have some deviation from the expert grades. This could be overcome by introducing a sigmoidal link function in the predictive model as known from neurology, where the nonlinear expert grade can be considered by the link function. From this point of view, the predicted grades are very reliable. The experimental results show the potential for using this technique for grade assessment of jasmine tea. 
Discussion
Our proof-of-principle measurements have demonstrated that the LIF technique in combination with the SVD and LDA evaluation methods can be used to accurately classify and evaluate tea samples. By setting a proper truncation, tea classification and quality assessment can be well performed using this analytical tool. Because of an insufficient amount of tea samples, pseudoreplication was used to increase the sample size. This procedure might not be the optimal choice for prediction, but it still reflects the situation if the method should be applied commercially. More samples can further increase the accuracy and make the predicted results more reliable. The investigation of more samples will be the target for future work. By setting a proper threshold, tea samples which are difficult for experts to classify could be easily identified using this technique.
As we can see from the classification results of oolong tea samples, some of them are not easy to distinguish since we only use one wavelength to induce fluorescence which limits the information obtained from the tea leaves. The best three jasmine tea samples are also very difficult to discriminate due to their similar fluorescence spectra. However, this could be improved by using multiwavelength excitation. We note that the evaluation variability between experts is generally lower than the system error of the present technique. However, human senses are prone to be less accurate due to fatigue or subjectivity, which is not the case for a spectroscopic-based instrument. We can also analyze the spatial chromatic variance of the tea image to understand the texture of the tea leaves which could be helpful for classifying the types and judging the grade. Further, the laser source could be replaced by several inexpensive and robust light emitting diodes (e.g., Roithner LaserTechnik, 375 nm, 30 mW, CW) with different emitting wavelengths. Similarly, the OMA system can be simplified for the specific application by using a compact (e.g., Ocean Optics USB series) spectrometer and the computation equipment can also be made very compact. Thus, the whole system can be made realistic and powerful. In summary, the experts' results and our experimental evaluation agree well, illustrating that the LIF technique can be used to identify tea types and assess tea qualities in future real-world applications.
In the present work, we have not compared the performance of our technique with traditional techniques, e.g., NIRS. Actually, it is rather difficult to compare the general performance of these two techniques since their characteristics would be very different for various types of tea. A detailed comparison of these two techniques could be the topic of future work.
Further studies could involve safety aspects and improved tea preservation, where the influence of different packaging methods, external environmental factors (e.g., moisture, temperature, sunlight), and aging can be analyzed with the proposed technique and compared with conventional classification by human experts. The present technique gives a possibility for industrial applications through the development of a specific LIF-based instrument, to be used for initial screening of the raw material, online process control, and quality assessment. 
